ABSTRACT: Phenotypic data on BW and breast meat area were available on up to 287,614 broilers. A total of 4,113 birds were genotyped for 57,636 SNP. Data were analyzed by a single-step genomic BLUP (ssGBLUP), which accounts for all phenotypic, pedigree, and genomic information. The genomic relationship matrix (G) in ssGBLUP was constructed using either equal (0.5; GEq) or current (GC) allele frequencies, and with all SNP or with SNP with minor allele frequencies (MAF) below multiple thresholds (0.1, 0.2, 0.3, and 0.4) ignored. Additionally, a pedigree-based relationship matrix for genotyped birds (A 22 ) was available. The matrices and their inverses were compared with regard to average diagonal (AvgD) and off-diagonal (AvgOff) elements. In A 22 , AvgD was 1.004 and AvgOff was 0.014. In GEq, both averages decreased with the increasing thresholds for MAF, with AvgD decreasing from 1.373 to 1.020 and AvgOff decreasing from 0.722 to 0.025. In GC, AvgD was approximately 1.01 and AvgOff was 0 for all MAF. For inverses of the relationship matrices, all AvgOff were close to 0; AvgD was 2.375 in A 22 , varied from 11.563 to 12.943 for GEq, and increased from 8.675 to 12.859 for GC as the threshold for MAF increased. Predictive ability with all GEq and GC was similar except that at MAF = 0.4, they declined by 0.01 for BW and improved by 0.01 for breast meat area. Compared with BLUP, EBV in the ssGBLUP were, on average, increased by up to 1 additive SD greater with GEq and decreased by 2 additive SD less with GC. Genotyped animals were biased upward with GEq and downward with GC. The biases and differences in EBV could be controlled by adding a constant to GC; they were eliminated with a constant of 0.014, which corresponds to AvgOff in A 22 . Unbiased evaluation in the ssGBLUP may be obtained with GC scaled to be compatible with A 22 . The reduction of SNP with small MAF has a small effect on the real accuracy, but it may falsely increase the estimated accuracies by inversion.
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INTRODUCTION
Genomic selection can be carried out either by estimating the effects of individual SNP or by using BLUP with a genomic relationship matrix, G (VanRaden et al., 2009b) . For traits without large major genes, most methods provide similar accuracies (Hayes et al., 2009 ). Usually, not all animals have genotypes. A methodology exists to combine pedigree and genomic relationships . A single-step approach that uses the combined relationships allows for a simple evaluation that takes all available phenotypic, pedigree, and genomic information and has no limitations on models for analyses (Aguilar et al., 2010; Chen et al., 2011) .
One of the issues plaguing genomic predictions is bias. For instance, in dairy cattle the bulls evaluated genomically seem to have EBV biased upward ( Van-Raden et al., 2009a) . Bias from genomic evaluation has been reported in other studies (Aguilar et al., 2010; Forni et al., 2011) . With bias, an accurate comparison of young and older animals is difficult.
The bias can partially be due to a genomic relationship matrix that is suboptimal. Such a matrix can be constructed by assuming different gene frequencies and can possibly be shifted and scaled, and SNP with small minor allele frequencies (MAF) may be ignored ( VanRaden, 2008) . In Holsteins, Aguilar et al. (2010) found that the use of the equal allele frequencies resulted in the greatest realized accuracy and the smallest bias. In pigs, Forni et al. (2011) found that the best matrix used current allele frequencies and was scaled similarly to the numerator relationship matrix for genotyped animals.
The first goal of this study was to evaluate the effect of different options to construct G on statistics [means of the diagonal (AvgD) and off-diagonal (AvgOff)] of G and its inverse, and the accuracy of EBV and biases. The second goal was to investigate the origin of biases with some G. Broiler chickens from a pure line with 1.5% animals genotyped for 57,636 SNP were used to evaluate the different corrections on G.
MATERIALS AND METHODS
Animal Care and Use Committee approval was not obtained for this study because the data were obtained from an existing database.
Data
Phenotypic data of broiler chickens from a single pure line across 4 generations were provided by CobbVantress Inc. (Siloam Springs, AR). Traits analyzed included BW at 6 wk (BW, 100 g) and ultrasound area of breast meat (BM, cm 2 ). A total of 287,614 broilers were available for phenotypes. Body weight was recorded for all birds, whereas BM was recorded for only 69,057 broilers. There were 289,994 birds in the pedigree.
A total of 4,113 birds were genotyped for 57,636 SNP based on the SNP panel developed by Groenen et al. (2009) . Descriptions of phenotypic records for genotyped birds and all birds are shown in Table 1 .
The data set was split into training and validation data sets for the genetic prediction. The training data set consisted of 234,806 records in the first 3 generations, whereas the validation data set contained 806 genotyped birds in the last generation.
Model
In our previous study (Chen et al., 2011) , the singletrait model was implemented for a similar data set. In the current study, the multiple-trait model was y t = X t b t + Z t u t + W t mp t + e t , where t is 1 for BW and 2 for BM; y is the vector of observations for traits; b is the vector of fixed effects, including contemporary group (house-hatch) and sex; u is the vector of random additive genetic effects, combining polygenic and genomic breeding values; mp is the vector of random maternal permanent environmental effects; X, Z, and W are incidence matrices; and e is the vector of random residuals.
Effects of the multiple-trait model used in the present paper were the same as those used in the single-trait model by Chen et al. (2011) , except that the maternal permanent environmental effect was also included for BM in the present paper. In Chen et al. (2011) , the abnormality of accuracy obtained with a single-trait model may have been due to selection bias resulting from multiple-trait selection. For the next run of selection using the multiple-trait model, the anomaly was absent. Furthermore, the accuracy for a trait with missing records, BM, increased slightly with the multiple-trait model. Therefore, the multiple-trait model was used in the current study instead of the single-trait model.
For the regular BLUP analysis, the (co)variance matrix was assumed to be var ,
where I is an identity matrix, A is a numerator relationship matrix, and D, Q, and R are matrices of the additive, maternal permanent, and residual variances, respectively. In the single-step genomic BLUP (ssG-BLUP) proposed by Misztal et al. (2009) , the A matrix was replaced by the H matrix with the following inverse (Aguilar et al., 2010) :
where H is a modified relationship matrix incorporating genomic information, A 22 1 − corresponds to the inverse of the numerator relationship matrix for genotyped birds, and G is a genomic relationship matrix. Genomic relationship matrices were constructed as in VanRaden (2008) by using either equal (GEq) or current (GC) allele frequencies:
where Q is an incidence matrix for SNP effects with elements for bird i and SNP j with allele frequency p j . These matrices were constructed with the MAF ranging from none to 0.4. The purpose of the thresholds was to determine the effect of eliminating SNP with low MAF on GEq and GC, and to examine the effect of the smaller SNP size.
Estimates of variance components were obtained using the multiple-trait model with the complete data set, which included records across 4 generations. Genetic evaluations were performed by modified BLUP90IOD (Tsuruta et al., 2001; Misztal et al., 2002; Aguilar et al., 2010) using BLUP (no genomic information) and ssGBLUP (with genomic information). Predictive ability, r u u mp e (ˆ, ) , + + was defined as the correlation between predicted breeding value and the observed phenotype, composed of the sum of the true breeding value, maternal permanent environmental effect, and residual, using the formula shown by Legarra et al. (2008) . Accuracy, or correlation between predicted and true breeding values, was calculated as r u u r u u mp e h (ˆ, ) (ˆ, ) / , = + + where h is the square root of heritability.
RESULTS AND DISCUSSION
Estimates of the additive variance (heritability) were 1.3 (0.23) for BW and 5.0 (0.25) for BM. Estimates of the genetic correlations between BW and BM were 0.4. Table 2 shows the AvgD and AvgOff of G constructed with equal or current allele frequencies and with different cutoffs for MAF. Averages for A 22 are presented for reference. With GEq, as MAF increased to 0.4, AvgD decreased from 1.37 to 1.02 and AvgOff decreased from 0.72 to 0.02. The differences from 1.0 and 0.0, respectively, decreased in GEq as the threshold was increased because the remaining SNP had average allele frequencies closer to 0.5. The differences between AvgD and AvgOff increased from 0.65 to 1.0. This difference, which was smaller than 1.0, was found by Forni et al. (2011) to be closely associated with upward biases in estimates of the additive variance. With GC, AvgD was close to 1.0 and AvgOff was 0, regardless of the threshold. This was expected because the contribution of SNP to off-diagonals of G was proportional to the allelic frequencies, and they roughly canceled out. This was also the case with GEq for MAF >0.4, in which case the assumed frequency of 0.5 roughly corresponded to the true frequency. In addition, the differences between the averages were close to 1.0. Table 3 shows the AvgD and AvgOff of the inverse of G, with values for the inverse of A 22 presented for reference. In G −1 , all AvgOff were close to 0 and AvgD were between 8.6 and 12.9. For comparison, in A 22 1 − , AvgOff were close to 0 and AvgD were 2.37. With GEq, the greatest of AvgD was at MAF extremes. With GC, AvgD increased with the MAF cutoff.
The diagonal of the inverse of the numerator relationship matrix A 22 has the following form:
where n p is the number of known parents of bird i, n pr1 is the number of progeny with the mate known, and n pr2 is the number of progeny with the mate unknown. Assuming that differences between AvgD in the inverses of A 22 and G are due to additional information in G relative to A 22 as well as to additional factors, we can write
where q i is the extra information attributable to the genomic information in units of effective progeny, and e i is noise attributable to both incorrect scaling and the limited number of SNP. When G is "adequately" scaled and derived from a large number of SNP, quantity q i can be estimated well because e i is likely close to 0. In separate experiments (results not shown), AvgD increased as the number of SNP was reduced. Thus, when the number of SNP used to create G decreased, the absolute value of e i increased. Assuming that GEq was scaled correctly, the increase in AvgD with the increasing threshold was likely due to extra noise in estimating G when the number of SNP was reduced. As the number of SNP was decreased, the numerical accuracy of G was decreased, creating "fake" relationships. Therefore, e i may have been reflecting information for false relationships when G was inaccurate (computed with too few SNP). Yang et al. (2010) looked at underestimation of the additive variance by assuming that causal variants have small allele frequencies but that the SNP information is restricted to SNP with larger MAF. They used unrelated individuals and SNP information from 50 to 500 k and provided corrections for G based on MAF and the number of SNP. Corrections by Yang et al. (2010) did not improve the accuracy in the study by Forni et al. (2011) . Table 4 shows the predictive ability for the validation data with different G. The predictive abilities were very similar across all G. For equal allele frequencies, the predictive abilities reached the peak at the threshold of 0.1 to 0.3 for BW, and increased with the threshold for BM. Increasing the threshold decreased the amount of information in G but brought the average allele frequency close to 0.5. The somewhat greater accuracy for the cutoff of 0.4 in BM could be due to a major gene in the trait that has MAF close to 0.5 and then reduced noise in the estimation with a smaller number of SNP. Greater accuracies at larger MAF are in contrast with the assumptions of Yang et al. (2010) . However, they looked for causative genes in a population of unrelated individuals, whereas G here reflects improved pedigrees of closely related individuals.
With the current allele frequencies, the accuracies were the same for the cutoff <0.4 for BW, with a peak for BM at the threshold of 0.4. With GEq, the accuracies could be greater at low thresholds because the off-diagonals of G were not affected by incorrect computations of contributions from SNP with small allele frequencies.
In the dairy cattle population (Aguilar et al., 2010), the accuracy was greater with GEq than with GC. The reverse was true here. In dairy cattle, the parent average for young bulls was biased even without the genomic information, with the bias attributable to the preferential treatment and specific population structure of the dairy cattle population. It is possible that this bias was partially compensated by bias introduced by GEq. The population structure in chickens is much simpler than that in dairy cattle. Moser et al. (2010) looked at the accuracy of GEBV for several dairy traits by using subsets of SNP information selected by different methods. The subset of 5,000 SNP allowed >90% accuracy to be achieved compared with the complete SNP information. Although the greatest accuracy for each trait was obtained with trait-specific SNP, very few of the highest ranked SNP for 1 trait were highest ranked for other traits. The accuracy with 5,000 SNP selected by MAF alone was greater for cows but was reduced for bulls. In this study, we experienced a marginal decline in accuracy below 22,000 SNP for BW, but not for BM. Table 5 shows the average EBV for the validation population and for the complete population. If we assume that BLUP provides unbiased EBV, then, on average, all EBV with GEq are biased upward and all Table 3 . Means of the diagonal (AvgD) and off-diagonal (AvgOff) for the inverse of the pedigree-based relationship matrix A 22 and the genomic relationship matrix G for genotyped birds (n = 4,113) Predictive ability is defined as correlations between the predicted breeding value and the sum of the true breeding value, maternal effect, and residual.
2 GEq = equal allele frequencies; MAF = minor allele frequencies; GC = current allele frequencies.
EBV with GC are biased downward. The biases are approximately 2 additive SD for BW and 1 SD for BM. Additionally, on average, the difference in EBV between genotyped birds and all birds appeared biased upwards with GEq and downwards with GC. Thus, the biases seemed to be dependent on the structure of G. In particular, this could have been due to differences in AvgOff between G and A 22 . .
Assume that the genomic relationship matrix is computed with an offset as G* = G + 11′α, where α is a constant and 1 is a vector of ones (that is, adding α to all elements of G). The new matrix H* will be defined as in [1] . This is equivalent to fitting a model where In this case, u* contains the mean of all genotyped birds. That mean is automatically applied to the EBV of young genotyped birds. Therefore, if the genotyped birds are selected, their difference from the mean is added to all new genotyped birds, causing bias. Although the value α treated as variance causes regression of the estimate of μ toward zero, that regression is small for all but very small α because of the quantity of information that many genotyped birds contribute to a single variable μ.
To test the hypothesis that a mean of G would affect bias in ssGBLUP, different α were applied to G with the current allele frequencies and all SNP. Only results for positive α are presented because G with α < 0 was not positive definite (and does not make sense as the variance of μ). Average EBV for genotyped birds and all birds, and for their differences, are presented in Table  6 . As α was increased to 0.05, the averages for all birds changed by about 1 SD for both BW and BM. Thus, the averages, and thus biases (compared with BLUP), were strongly influenced by AvgOff. All averages were similar to those with BLUP at α = 0.014. With this offset, AvgOff in A 22 and G + 11′α were identical. This suggests that the optimal G should have AvgD and AvgOff close to that of A 22 . Although similar AvgD − AvgOff in G and A 22 ensured unbiased estimates of the additive variances, identical AvgOff seemed to remove biases for the EBV of genotyped birds. The average differences between the EBV of genotyped birds and all birds as a function of a difference between the AvgOff elements of G and A 22 are shown in Figure 1 (using BW). The smallest bias was with the MAF cutoff of 0.4. In that case, both the AvgD and AvgOff of G were the closest to those in A 22 .
Adding α had a very small effect on the predictive abilities. The predictive ability for BW was 0.29 for any α. The predictive ability for BM was 0.36 for α < 0.015, and was decreased to 0.35 for larger α. Thus, the offset in G had a negligible effect on the accuracy of the validation population in this study.
The bias attributable to the offset in G mainly affects the genotyped birds, although it also affects the ungenotyped birds through the H matrix. The size of that bias depends on the strength of selection, the superiority of the genotyped as opposed to the ungenotyped birds, and the amount of information in older generations. In populations under weak or no selection, and when genotyped birds are a random sample from the population, the genotyped birds may have an average merit close to that of ungenotyped birds. Thus, any bias incurred by the offset of G is likely to be small or none. Under strong selection, the offset will bias the EBV of young genotyped birds. Additionally, it may reduce the accuracy of EBV of the older birds and, subsequently, their progenies if the genomic information is a large fraction of the total information. In this study, the offset affected only the bias and not the accuracy of the newest generation because the phenotypic information for older birds was large (about 100 times more records than genotypes). The stronger bias for BM suggests that selection for this trait was stronger than for BW. Vitezica et al. (2010) looked at the biases and accuracy of BLUP, ssGBLUP, and a 2-step method with simulated data under weak and strong selection. The data consisted of 10 generations of animals with 10% of animals genotyped with G constructed using base allele frequencies. The EBV by BLUP was always unbiased. The accuracy by ssGBLUP was greater by the 2-step method under weak selection, but it was less under strong selection. After adjusting the offset in G, the accuracy of ssGBLUP increased, especially under strong selection, and exceeded that of the 2-step method . They also provided a formal proof for the calculation of the offset and showed that it was the same as that developed in human studies by Powell et al. (2010) . Therefore, the correct offset of G is critical for small populations, especially under strong selection when the genomic information is a large fraction of the population and where progeny sizes are small. The use of adjusted G was also evaluated for Holsteins for type by using a large number of phenotypes and genotypes (Tsuruta et al., 2011) . The bias removed by adjusting the offset in G was small because of the large progeny sizes for bulls.
The population in this study consisted of a single line of a single breed. When 2 lines of chickens were evaluated simultaneously, even though using different G, the rankings within each line were almost identical but the means of the lines were different (Simeone et al., 2011 ). This was due to different allele frequencies and different selection pressures in each line. In a joint evaluation of multiple lines or multiple breeds, sections of G corresponding to each line and each cross may require separate adjustments (e.g., as in Harris and Johnson, 2010) .
Removing SNP with MAF ≤0.3 in a genomic evaluation of a commercial chicken population changed the realized accuracy of prediction only marginally. Those accuracies were slightly greater when assuming the current rather than the equal gene frequencies, especially when SNP with low MAF were retained. Removing alleles with low MAF increased the average elements of the inverse of G created with the current allele frequencies. This increase attributable to false relationships introduced by less accurate G caused inflated accuracies computed by inversion. In the genomic evaluation, differences in average EBV of birds with and without the genomic information varied with G and the threshold of MAF. These differences depended on the level of selection and the data structure, and they could be controlled by adding a constant to G constructed by assuming current allele frequencies. When AvgOff elements in A 22 and G were identical, the differences were the same as in BLUP. Assuming that BLUP is unbiased, an unbiased genomic evaluation could be obtained by adding a constant to G derived by assuming current allele frequencies. Table 6 . Means of EBV for genotyped birds (n = 4,113) and all birds (n = 289,994) with various differences in the average off-diagonal (AvgOff) between the genomic relationship matrix G and the pedigree-based relationship matrix A 22 for BW and breast meat area (BM) 
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